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Abstract: EEMD ( ensemble empirical mode decomposition) is an analysis method for signal
decomposition. However, there is serious divergence in the two endpoints of its modal function (IMF). If the
decomposition results are directly applied to the fault diagnosis system, the diagnosis accuracy will
decrease. In the paper, support vector machine (SVM) and EEMD algorithm were combined to decompose
signal and the reliability analysis was conducted with simulation signal. After selecting the components of
SVM-EEMD decomposition, the signal was decomposed further and the energy vector was
constructed. Finally, with a combination of SVM-EEMD and convolutional neural network, rolling bearing
fault diagnosis model was constructed and verified by experiment. The experimental comparison results
show that the improved EEMD algorithm can effectively solve the problem of the endpoints divergence, and
the fault diagnosis model constructed improves the fault diagnosis accuracy.
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Fig. 1 The results of decomposition and reduction
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Fig. 2 Components of convolutional neural networks
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Fig. 3 The flow of Fault Diagnosis
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Table 1 Failure frequency of rolling bearing (6205)
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Table 2 The fault type and sample data information
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Fig. 4 The analysis results of original data
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Fig. 6 One-dimensional convolution structure

7 7 78 2 Rl 22 0 268 1 i 22 i 2k G AR 50 YO RS 25 2R 19 iR 22 (6

1.5 20 . .
X: 20
X:5
1.0 | 1S Y: 1.803 Y5 1883
05
0.5
0 10 20 30 40 50 " 1‘0 2'0 3:)
B IH ke
(a) ISR ML (b) PR EEA IR 2

B 7 M&ilgnitirE

Fig. 7 Network training and testing errors
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Table 3 Sample test results

ML FsL25) LA ML FsL2 ) MM

0 0 0.9 208 3 0.9 831
1 1 0.95 524 4 0.9 352
2 2 0.9 702 5 0.9 839

3 3 0.9 763 0 0 0.9 712
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2R3

MK B MR AH MK B MEAH
1 4 0.91 894 1 0.9 400
5 5 0.9 803 2 0.9 780
0 0 0.9 587 3 0.9 653
1 1 0.98 144 4 0.9 662
2 2 0.9 401 5 5 0.9 551
3 3 0.9 709 5 0 0.9 873
4 4 0.9 289 1 0.9 709
5 5 0.9 857 2 2 0.9 639
o 0 0.9 825 3 0.9 211
1 1 0.9 803 4 4 0.9 620
2 2 0.9 694 2 5 0.8 852
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